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a b s t r a c t 
Paediatric traumatic brain injury (pTBI) results in inconsistent changes to regional morphometry of the brain 
across studies. Structural-covariance networks represent the degree to which the morphology (typically cortical- 
thickness) of cortical-regions co-varies with other regions, driven by both biological and developmental factors. 
Understanding how heterogeneous regional changes may influence wider cortical network organization may 
more appropriately capture prognostic information in terms of long term outcome following a pTBI. The current 
study aimed to investigate the relationships between cortical organisation as measured by structural-covariance, 
and long-term cognitive impairment following pTBI. T1-weighted magnetic resonance imaging (MRI) from n = 83 
pTBI patients and 33 typically developing controls underwent 3D-tissue segmentation using Freesurfer to estimate 
cortical-thickness across 68 cortical ROIs. Structural-covariance between regions was estimated using Pearson’s 
correlations between cortical-thickness measures across 68 regions-of-interest (ROIs), generating a group-level 
68 × 68 adjacency matrix for patients and controls. We grouped a subset of patients who underwent executive 
function testing at 2-years post-injury using a neuropsychological impairment (NPI) rule, defining impaired- 
and non-impaired subgroups. Despite finding no significant reductions in regional cortical-thickness between the 
control and pTBI groups, we found specific reductions in graph-level strength of the structural covariance graph 
only between controls and the pTBI group with executive function (EF) impairment. Node-level differences in 
strength for this group were primarily found in frontal regions. We also investigated whether the top n nodes 
in terms of effect-size of cortical-thickness reductions were nodes that had significantly greater strength in the 
typically developing brain than n randomly selected regions. We found that acute cortical-thickness reductions 
post-pTBI are loaded onto regions typically high in structural covariance. This association was found in those 
patients with persistent EF impairment at 2-years post-injury, but not in those for whom these abilities were 
spared. This study posits that the topography of post-injury cortical-thickness reductions in regions that are 





















Traumatic brain injury (TBI) in childhood and adolescence is a lead-
ng cause of disability ( World Health Organization, 2006 ), and injuries
ccur in the individual-context of a still-developing brain ( Wilde et al.,
012 a). Paediatric TBI (pTBI) has a reported incidence between 1.10
nd 1.85 cases per hundred for the 0–15 age range ( McKinlay et al.,∗ Corresponding author. 
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 http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 008 ) and has specific adverse effects on neurodevelopment. TBI can re-
ult in pathology at a micro and macroscopic level, leading to both tran-
ient and permanent impairments ( Bigler, 2007b , 2016 ; Maxwell, 2012 ).
amage may manifest as trauma-related, developmentally inappropri-
te atrophy ( Bigler, 2013 ; Urban et al., 2017 ; Wilde et al., 2005 ) which
an appear as relative changes in both brain volume ( Bigler, 2016 ) and
ortical-thickness ( Urban et al., 2017 ) on structural magnetic resonance September 2021 
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domly selected regions. maging (sMRI). In pTBI, injury-related brain abnormalities occur dur-
ng a period of ongoing age- and development-dependent brain changes
 Bigler, 2016 ; Maxwell, 2012 ) 
Previous sMRI studies have shown that, from early to post-chronic
imepoints, the morphometry of the injured brain differs from that
f typically developing children (see King et al. (2019) ). These cross-
ectional differences are observed even up to 10 years post-injury
 Beauchamp et al., 2011 ; Serra-Grabulosa et al., 2005 ) suggesting that
lterations are non-transient, neither recovering nor being compensated
or over time. These cross-sectional differences are evidence of a long-
erm effect of TBI on the morphometry of the brain. 
Previous studies have suggested that, from the perspective of clin-
cal characteristics, two traumatic brain injuries can superficially ap-
ear similar but result in vastly different outcomes ( Bigler, 2007a ;
chneider et al., 2014 ). The location and extent of focal lesions to the
rain following a pTBI do not fully explain post-injury neuropsycho-
ogical deficits ( Bigler, 2001 ). There is also limited evidence of brain-
ehaviour relationships between brain morphometry differences and
unctional outcomes ( King et al., 2019 ). The paucity of reliable relation-
hips between brain structural measures and long-term outcomes of neu-
opsychological functions may be explained in part by the fact morpho-
etric changes can be highly distributed across the cortex even within a
ingle patient, and these changes vary across individuals ( Bigler, 2007a ;
igler et al., 2013 ; Bigler and Maxwell, 2011 ). This spatial heterogeneity
f damage and post-injury changes may limit the potential of univari-
te investigations of morphometry, which are therefore unable to tell us
bout the subtleties of the more diffuse effects of an injury. Therefore,
ooking more widely at the global effects of injury and how focal damage
an change the wider ‘system’ of the brain may explain greater variance
n functional outcomes post-injury. One way to explore this hypothesis
s to investigate changes to the global neural-network following injury
ue to pTBI, in keeping with recent characterizations of TBI as a disorder
f brain connectivity ( Hannawi and Stevens, 2016 ; Hayes et al., 2016 ),
tilising a graph-theory framework to quantitatively describe these net-
orks. This will better capture the multifaceted nature by which the
rain can experience pathological change post-injury. 
Patterns of grey matter morphometry across the cortex can be in-
erpreted as a biologically-meaningful brain network, capturing the
eso ‑scale organisation of brain structure across the cortex. This
tructural-covariance network models the degree to which the morphol-
gy (measured with cortical-thickness) of brain regions statistically co-
aries across all possible pairs of ROIs ( Alexander-Bloch et al., 2013 a,
013 b; Evans, 2013 ; Lerch et al., 2006 ; Mechelli et al., 2005 ). These
etworks are sensitive to neurodevelopmental and age-related change
 Alexander-Bloch et al., 2013 ; Fan et al., 2011 ; Khundrakpam et al.,
017 ; Khundrakpam et al., 2016 , 2013 ; Raznahan et al., 2011 ;
áš a et al., 2017 ), with regions showing similar/shared develop-
ental trajectories being more similar in morphometry ( Alexander-
loch et al., 2013 ), likely driven by the gene-controlled patterning of
ortical-thickness and structural-covariance across the cortex ( Romero-
arcia et al., 2018 ; Yee et al., 2017 ). 
Given this highly coordinated, genetically programmed developmen-
al ‘blueprint’ of brain maturation, neurological disruption to the struc-
ure of the brain during this period can have a significant impact on sub-
equent brain development, detectable as an abnormality in structural-
ovariance across the cortex. In other forms of paediatric brain insult, in-
luding malformations of cortical development in neonates, structural-
ovariance metrics change as a function of the specific gestational-
iming of disruption ( Hong et al., 2017 ). Therefore, the structural-
ovariance approach may be sensitive to the effects of pTBI on the de-
elopmental trajectory of the brain, respecting the complex organisation
f the GM across the whole cortex, which cannot be captured with tech-
iques that use univariate ROIs. 
Using the correlational structure of regional-level morphometry fol-
owing pTBI compared to controls, Spanos et al. (2007) investigated
olumetric correlations across cerebro-cerebellar regions and found a2 ignificant positive relationship between DLPFC/cerebellum in the typi-
ally developing, but not in the TBI group. Drijkoningen et al. (2017) es-
imated the correlational structure of ‘atrophy’ scores between regions,
nding moderate to very strong positive correlations. These regional
orphometric relationships lend support to the hypothesis of a diffuse
attern of pathology following TBI. The current study expands on these
revious findings by investigating these relationships across the whole
rain utilising structural-covariance which is novel to the field of TBI. 
The topology of brain networks ordinarily makes them inherently ro-
ust to insult ( Hillary and Grafman, 2017 ). However, targeted damage
o topologically central regions may have a disproportionate impact on
he network and is more likely to result in behavioural symptomatology
 Crossley et al., 2014 ; Hillary and Grafman, 2017 ). In the clinical setting,
eurological and psychiatric disorders emerging in childhood may also
e linked to abnormal development of these ‘hub’ regions ( Morgan et al.,
018 ). During development, there is early formation of hubs in the struc-
ural network, providing a stable scaffold to build upon during subse-
uent development. Later, maturational change is most prominent in
ub regions, with hub locations becoming more adult-like across child-
ood ( Csermely et al., 2013 ; Morgan et al., 2018 ; Oldham and For-
ito, 2019 ). The protracted development of structural-covariance hubs
ver childhood and adolescence, with those responsible for higher in-
egrative functions developing most slowly ( Khundrakpam et al., 2013 ;
hitaker et al., 2016 ), may put them at greatest risk to pathology which
ay result in delayed or disrupted development ( Morgan et al., 2018 ).
herefore, damage to regions central to the network during this period,
ay result in behaviourally relevant changes to the developmental tra-
ectory of the brain. 
Current research echoes this sentiment, suggesting that brain dam-
ge is specifically linked to network structure of the brain. Across mul-
iple neurological disorders, the probability of a region showing case-
ontrol differences in grey matter morphology is significantly related to
he nodal-degree (the summation of the number of connections) of the
egion ( Crossley et al., 2014 ). Similarly, voxels with significant case-
ontrol differences in grey matter volume/density, specifically reduc-
ions, belonged to regions with a greater median degree than ‘undam-
ged’ voxels ( Crossley et al., 2014 ). In adult TBI specifically, reductions
n ‘hubness’ of nodes (betweenness and eigenvector centrality) derived
rom a tractography network were related to greater cognitive impair-
ent, including executive functions ( Fagerholm et al., 2015 ). These re-
ults highlight the fact that the behavioural consequences of brain dam-
ge are highly dependent on the topological position of the damage
ithin, and the organization of, neural networks ( Aerts et al., 2016 ;
illary and Grafman, 2017 ). It is therefore reasonable to hypothesise
his may be the case in pTBI. 
.1. Aims and hypotheses 
The aims of the current study were twofold; (1) to capture global,
iffuse nature of the effects of TBI on the still-developing brain using
ultivariate-network methodologies, and (2) to investigate whether the
ortical topography of post-pTBI cortical-thickness reductions in rela-
ion to the typical topology of the brain is related to poor cognitive
unctioning at two-year follow-up. 
We examined three hypotheses: 
a) Patient groups (including those subgroups with good/poor EF out-
come) would show significant cortical-thickness reductions in com-
parison to heathy controls. 
b) Patient groups would show differences in structural-covariance com-
pared to controls. 
c) We predicted that for pTBI, cortical-thickness reductions would have
occurred in regions that have higher structural-covariance than ran-
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Table 1 
Demographics for patients and controls. 
Group pTBI Controls Comparison 
N 83 33 –
M/F 54/29 20/13 OR = 0.83, p = .67 a 
Age at Scanning (median, yrs.) 10.92 9.99 F(1114) = 0.262, p = .61 b 
(Range, yrs.) 6.09–14.82 6.53–15.47 –
Age at Injury (median, yrs.) 10.92 – –
(Range, yrs.) 5.92–14.67 – –
Injury-Scan Interval (median, days) 34 – –
a Fisher’s exact test (OR = odds-ratio). 
































































































s  . Methods 
.1. Ethics statement 
Data from the TBI cohort in the current study was obtained under a
aterial transfer agreement between the Murdoch Children’s Research
nstitute and Aston University. This cohort were originally acquired for
 study that had previously received ethical approval via the Human Re-
earch and Ethics Committee of Royal Children’s Hospital, Melbourne,
ustralia. We also acquired additional control data through the public
utism Brain Imaging Data Exchange (ABIDE) database, as shared by
he Preprocessed Connectome Project (PCP). A favourable opinion was
ranted by Aston University ethics panel for the secondary analysis of
oth the TBI and ABIDE datasets. 
.2. Participants 
.2.1. TBI cohort 
The data used in the current experiment are a subset of an existing
ataset of children who have experienced a TBI between the ages of
ve and 16 years of age. 157 children (patients n = 114) were recruited
etween 2007 and 2010 into a study on ‘Prevention and Treatment of
ocial Problems Following TBI in Children and Adolescents’. Further
etails have recently been published elsewhere ( Anderson et al., 2013 ,
017 ; Catroppa et al., 2017 ). In brief, children with TBI were recruited
n presentation to the emergency department at the Royal Childrens’
ospital, Melbourne, Australia. Eligibility for the study was determined
f they: (i) were aged between five and 16 years at the time of injury, (ii)
ad recorded evidence of both a closed-head injury and also two post-
oncussive symptoms (such as headaches, dizziness, nausea, irritability,
oor concentration), (iii) had sufficient detail within medical records
Glasgow Coma Scale (GCS; Teasdale and Jennett (1974) ), neurological
nd radiological findings) with which to determine the severity of the
njury, (iv) had no prior history of neurological or neurodevelopmental
isorder, non-accidental injuries or previous TBI, and (v) were English-
peaking. TD controls were also recruited and were required to meet
riteria (i), (iv) and (v). 
Injury severities were defined clinically using a combination of imag-
ng findings, pathology and GCS score. These were defined as: (i) Mild
BI; those with GCS of 13–15, no neurological deficit and either no clini-
al CT/MRI scan was conducted or no evidence of mass lesion on clinical
T/MRI findings, (ii) Mild-complicated TBI; GCS of 13–15 but abnormal
linical CT/MRI findings indicating mass lesion, (iii) Moderate TBI; GCS
f 9–12 and/or evidence of mass-lesion or evidence of specific injury on
linical CT/MRI and/or neurological deficit and, (iv) Severe TBI; GCS
f 3–8 and/or evidence of mass-lesion or evidence of specific injury on
linical CT/MRI and/or neurological deficit. 
We applied a number of inclusion criteria to the dataset. We only
ncluded subjects who; (a) met strict quality control criteria of Freesurfer
utputs, and (b) had MRI data available and were scanned < 90 days
ost-injury. This resulted in a subset of n = 116 subjects (TBI patients
 n = 83); healthy controls ( n = 33)) who underwent MRI acutely after3 njury (range = 1–88 days). To note, one pTBI subject included had a
iagnosis of ADHD. Table 1 shows the group demographics, whilst Fig. 1
utlines how participant samples were derived. 
.2.2. MRI acquisition 
MRI images were acquired at 3T on a Siemens Trio scanner
Siemens Medical Systems, Erlangen, Germany) using a 32-channel ma-
rix head coil. The acquisition included a sagittal three-dimensional
3D) MPRAGE [TR = 1900 ms; TE = 2.15 ms; IR prep = 900 ms; par-
llel imaging factor (GRAPPA) 2; flip angle 9°; BW 200 Hz/Px; 176
lices; resolution 1 × 1 × 1 mm] and sagittal 3D T2-FLAIR non-selective
nversion preparation SPACE (Sampling Perfection with Application-
ptimised Contrast using different flip-angle Evolution) [TR = 6000 ms;
E = 405 ms; inversion time (TI) = 2100 ms; water excitation; GRAPPA
at2; 176 slices; 1 × 1 × 1 mm resolution matched in alignment to the
D T1-weighted sequence]. 
.2.3. ABIDE dataset 
To provide a second healthy reference group for validation of find-
ngs, we employed the open-access data from the Autism Brain Imaging
ata Exchange (ABIDE, Di Martino et al. (2014) ), specifically the pre-
rocessed version of the dataset made available by the Preprocessed
onnectome Project (PCP, Bellec et al. (2013) ; see http://preprocessed-
onnectomes-project.org/ ). The ABIDE dataset consists of a large sam-
le of 532 individuals with autism spectrum disorders and 573 typical
ontrols, composed of MRI (functional and structural) and phenotypic
nformation for each subject, accumulated across 17 independent sites.
he scan procedures and parameters are described in more detail else-
here ( http://fcon_1000.projects.nitrc.org/indi/abide/ ). 
We applied similar inclusion criteria to this dataset, only including
ubjects who; (a) passed a strict MRI quality control criteria of raw struc-
ural MRI (see supplementary materials), (b) were recorded as controls
ithin the ABIDE database, (c) at time of scan were aged < 17 years
nd (d) had pre-processed Freesurfer data available as part of the PCP re-
ease. This resulted in a final reference group of n = 327 (M/ F = 259/68,
edian age (years.) = 12.49, age range (years.) = 6.47 – 16.93). The list
f IDs for ABIDE subjects included in these analyses can be found in sup-
lementary materials, as per ABIDE’s recommendations. 
Both controls in the experimental cohort and the ABIDE cohort had
ualitatively similar mean IQ ( M = 105.4 and M = 109.8) as measured
cross multiple age-appropriate IQ tests (in the experimental cohort IQ
as assessed by WASI 2 scale IQ whereas the measures used by the
BIDE dataset were varied, see ABIDE documentation for details). 
.3. MRI processing 
3D tissue segmentation and estimation of cortical-thickness and es-
imated total intracranial volume (eTIV) from T 1 -weighted (T 1 w) MR
mages were conducted using an established pipeline (Freesurfer ver-
ion 6.0; see Fischl (2012) for review). The steps involved are docu-
ented elsewhere ( Fischl et al., 2004 ) but briefly, T 1 w images were
tripped of non-brain tissues ( Segonne et al., 2004 ), GM/WM boundaries
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Fig. 1. Flowchart indicating how samples were derived for this secondary analysis of data from the initial recruitment into the ‘Prevention and Treatment of Social 

































































fi  ere tessellated and topology was automatically corrected ( Fischl et al.,
001 ; Segonne et al., 2007 ). Finally, deformation of this surface was
erformed, to optimally define the pial (Cerebro-spinal fluid/GM) and
hite (GM/WM) surfaces using intensity gradients to estimate where
ntensity maximally shifts to define boundaries of these tissue classes
 Dale et al., 1999 ; Dale and Sereno, 1993 ; Fischl and Dale, 2000 ).
ll patients and controls included in the analyses here ( n = 83 &
 = 33 respectively, including patients with and without lesions) had
LAIR images acquired which were used to supplement the Freesurfer
egmentation algorithm as per the standard Freesurfer pipeline (us-
ng the –FLAIRpial command). All cases without these T2 FLAIR MRI
ailed Freesurfer QA and were not included in the analyses presented
ere. 
In this study, Freesurfer was used to estimate the cortical vol-
me/thickness for 34 regions-of-interest per hemisphere, based upon
he cortical parcellation of the Desikan–Killiany atlas ( Desikan et al.,
006 ). This parcellation was chosen over a more fine-grained parcella-
ion scheme due to concerns over statistical power if a greater number
f ROIs were analysed. 
The quality of Freesurfer outputs was assessed using Qoala-T
 Klapwijk et al., 2019 ) as a decision support tool to guide the systematic
nd replicable selection of which cases required manual editing. Visual
nspection of surfaces after manual editing resulted in the exclusion of
 = 15 pTBI cases (including those without T2 FLAIR MRI as described
bove) due to continued poor quality of surface reconstruction. 
Multiple cases within the original TBI cohort also had frank
arenchymal lesions. For these cases, Freesurfer has limited applicabil-
ty with its standard processing pipeline and thus an adjusted pipeline
as utilised and is described in Supplementary Materials. Eight lesion
ases were retained for analysis using this pipeline. 
Processing using the Freesurfer pipeline had already been done for
he ABIDE dataset within the PCP, using the standard pipeline as de-
cribed above (however using an older version of Freesurfer (version
.1). Details of quality assurance of the anatomical processing using
s
4 reesurfer for the ABIDE data, and steps to control for ABIDE site ef-
ects, can be found in Supplementary materials. 
.4. Executive functions (EF) 
EF was assessed for patients in the TBI cohort (patients and controls)
t 24-months post injury/recruitment using performance-based neu-
opsychological testing. Several standard, age-appropriate neuropsy-
hological tests were administered to participants to index EF skills,
nd these were from three typical, age-appropriate test batteries; (i)
ests of Everyday Attention – Children (TEA-Ch; ( Manly et al., 1999 )),
ii) Delis-Kaplan Executive Function System (D-KEFS, ( Delis et al.,
001 )), and (iii) Wechsler Intelligence Scale for Children (WISC-IV,
 Wechsler, 2003 )). These measures were selected from a wider battery
f administered neuropsychological tests as part of the wider study.
pecific subtests used in the current study were selected to represent
omponents of a three-factor EF model ( Miyake et al., 2000 ) and can
e found in Table 2 As per Diamond (2013) , we also included a mea-
ure of selective-attention in the domain of inhibition, given evidence
ighlighting the high correlation of this skill with other EF domain
 Downing, 2015 ; Santa-Cruz and Rosas, 2017 ). It is important to note,
hilst we have assigned these subtests to specific subdomains of EF
ased upon our theoretical model of EF, these assignments are not used
n the designation of the EF impairment/non-impairment groupings. 
An approach to define those individuals exhibiting clinically rel-
vant cognitive impairment was selected (a-priori) to group patients
n terms of executive (dys)function at 2 years post-injury. The current
tudy adopted the neuropsychological impairment (NPI) rule proposed
y Beauchamp et al. (2015) . This rule has previously been shown to
e sensitive to TBI with an increase in identification of impaired in-
ividuals ( Beauchamp et al., 2015 ), and has been used to detect be-
avioural impairment ( Donders and DeWit, 2017 ), and cognitive inef-
ciency ( Beauchamp et al., 2018 ) following paediatric TBI and concus-
ion respectively. 
D.J. King, S. Seri, C. Catroppa et al. NeuroImage 244 (2021) 118612 
Table 2 
Neuropsychological tests and subtests used to group patients on executive functioning out- 
come 2 years post-injury. 
EF Domain Battery Subtest Measure 
Set Shifting TEA-Ch Creature counting Accuracy (no. correct) 
TEA-Ch Creature counting Time taken 
Inhibition D-KEFS Colour-word interference – condition 3 Time Taken 
D-KEFS Colour-word interference – condition 4 Time Taken 
TEA-Ch Walk-don’t-walk Score 
TEA-Ch Skysearch Attention Score 
Working Memory WISC-IV Digit span backwards Score 
Table 3 
Demographics for patient subgroups. 
Group Control EF Good EF Poor Statistical comparison 
N 33 42 17 –
M/F 20/13 27/15 12/5 p = .78 a 
Age at Scanning (median, yrs.) 9.99 10.95 11.13 F(2,89) = 0.366, p = .70 b 
(Range, yrs.) 6.53–15.47 6.69–14.82 6.09–14.17 –
Age at Injury (median, yrs.) – 10.75 11.00 F(1,57) = 0.027, p = .87 b 
(Range, yrs.) – 6.58–14.67 5.92–14.00 –
Injury-Scan Interval (median, days) – 35.5 30.0 F(1,57) = 1.971, p = .17 b 
Injury Severity 
Mild – 23 10 p = .58 a 
Mild-Complicated – 4 3 
Moderate – 11 4 
Severe – 4 0 
Note. 
a Fisher’s exact test 



































































e  Briefly, performance scores for the neuropsychological test batteries
ere converted to age-scaled scores ( M = 10, SD = 3). To identify those
ith a clinically relevant impairment in executive functioning a cut-off
f 1 SD outside ‘average’ functioning in the direction of worse perfor-
ance. To be assigned to the group who were experiencing clinically
elevant cognitive impairment (poor EF outcome (EF Poor )), participants
ad to have shown impaired functioning on two or more individual EF
easures, whereas those who were impaired less than two measures
ere assigned to the without cognitive impairment group (good EF out-
ome (EF Good )). A minimum of two cases of impairment identifies a pat-
ern of deficit, unlikely to be due to typical variability due to individual
ifferences or measurement error for instance. We only calculated the
PI rule for those cases that had the full battery of EF tests. The de-
ographics of these two subgroups (EF Poor and EF Good ) are shown in
able 3 . These groups did not differ on injury variables, such as injury
everity, as can be seen in Table 3 . 
It is important to note that of the control group, n = 4 ( ∼12%) had
F scores that satisfied the NPI rule. Given the NPI rule used a SD of
.5 below mean, standard distribution would suggest that the 4 (12%)
ontrols with poor EF is representative of expected normal variation.
hus, these controls were retained. 
.5. Statistical analysis 
The analysis plan of the current study was inspired by that of
annan et al. (2019) . All analyses were conducted with a series of pack-
ges in R ( R Core Team, 2016 ), with network analyses being specifically
onducted using ‘brainGraph’ version 2.2 ( Watson, 2016 ), which is an
xpansion of the iGraph package ( Csardi and Nepusz, 2006 ). All anal-
ses were conducted over three group-contrasts; (i) pTBI patients vs.
ontrols, (ii) pTBI EF intact vs. controls and iii) pTBI EF impaired vs.
ontrols. Only case-control comparisons were conducted, and thus did
ot include case-case contrasts (i.e. EF Impaired vs EF Intact). This is
ecause we specifically wanted to investigate pathological deviations to
he typical development of the brain. 5 .5.1. Differences in cortical-thickness between pTBI and controls 
Firstly, we investigated cross-sectional differences in cortical-
hickness between patients and our experimental controls. For each
OI ( n = 68) a general linear model (GLM) was generated to test
he effect of group (patient vs control) on cortical-thickness, whilst
ontrolling for the effects of age at scanning, sex, and eTIV. A t -test
as used to test the directional hypothesis of cortical-thickness re-
uctions in the patient group compared to controls. When calculat-
ng p-values, the false discovery rate was maintained at 𝛼fdr = 0.05
sing the Benjamini and Hochberg (1995) correction to control for
ultiple comparisons across all ROIs. The effect size was reported as
edges’ g ( Hedges and Olkin, 2014 ) corrected for unequal sample sizes
s per Rosnow et al. (2000) . This was repeated for the three pairwise
ontrasts. 
.5.2. Differences in structural-covariance between pTBI and controls 
Structural-covariance networks were generated using the Freesurfer-
erived structural parcellation as the nodes ( n = 68) and the edges of
he network the similarity of cortical-thickness between as pairs of ROIs.
s is common in the structural-covariance literature, cortical-thickness
as used as the dependant variable for general linear models run across
ll ROIs with covariates of age at scanning, sex, and estimated total in-
racranial volume. This is to control for the fact that cortical-thickness
as been shown to decrease with age ( Magnotta, 1999 ), and increase
ith total intracranial volume ( Im et al., 2008 ) and to differ across
enders ( Sowell et al., 2007 ). The studentised residuals were then re-
ained for analysis and used to generate graphs of structural covariance.
earson’s correlations between residuals of each ROI generated a single
8 × 68 adjacency matrix data. This will represent an undirected, un-
hresholded, weighted network, with ROIs as the nodes and correlation
oefficients as the edge-weights between nodes. This network represents
ge-invariant structural covariance ( Váš a et al., 2017 ) with age at scan-
ing controlled for in the model. 
For each graph/network, the ‘magnitude’ of structural covariance for
ach node was measured as node strength. For node i , this is the sum






























































Mean graph strength and bootstrapped a 95% confidence intervals. 
Group Graph Strength CI Low CI High PermDiff
b p fdr 
b 
Controls 17.1 11.8 22.6 NA NA 
pTBI 28.0 21.9 34.8 − 0.483 .062 
EF Good 28.0 19.5 37.5 .307 .062 
EF Poor 37.1 27.9 48.1 .947 .008 
a 5000 resamplings. 
b compared to experimental controls, greater permuted dif- 

















































(  f the connectivity weights of all edges connected to node I ( Fornito
t al., 2016 ). We did not normalize these measures based on number of
dges as we utilised the fully-connected, unthresholded networks and
hus the number of edges connected to each node was equal across all
odes. To calculate an estimate of graph-level strength, we calculated
he average nodal strength over all nodes. To generate confidence in-
ervals for each group, these measures were bootstrapped over 5000
esamplings. In order to assess significant differences in structural co-
ariance, permutation testing (5000 permutations) generated a null dis-
ribution of differences (t-values) in graph metrics between two groups
ith a two-tailed 𝛼-level of 0.05. These comparisons were conducted
or each of the three pair-wise contrasts and were conducted at the
raph-level (mean graph strength) and at the nodal level. p -values for
odal-level comparisons were also FDR-corrected over the 68 nodes,
hilst the graph level comparisons were FDR-corrected over the three
omparisons. 
.5.3. Structural-covariance between regions with cortical-thickness 
eductions in pTBI 
To assess whether structural-covariance was significantly greater be-
ween regions with cortical-thickness reductions in pTBI compared to
andomly selected regions, we conducted permutation testing. Briefly,
or each contrast, ROIs were ranked in terms of the effect size of cortical-
hickness reductions in the patient group compared to controls. For the
op n-regions in terms of effect size, mean nodal strength was calculated
where n = 2,3,4…68) based on the structural-covariance graph calcu-
ated for the control group only. A null distribution of this mean nodal
trength was generated by calculating mean structural-covariance for
000 sets of randomly selected sets of n-nodes (without replacement).
or each value of n, a one-tailed p-value was calculated as the propor-
ion of permutation cases where the mean nodal strength of randomly
elected nodes exceeded that of the observed mean nodal strength. p -
alues were corrected across values of n using the FDR-correction. A
ignificant result suggests that structural-covariance of regions where
ortical-thickness reductions exist is significantly greater than expected
or randomly selected regions. We also repeated this analysis using the
arger ABIDE cohort with which to provide an estimate of age-invariant
tructural covariance across a larger, more representative dataset com-
ared to the experimental controls. 
. Results 
.1. Differences in cortical-thickness between pTBI and controls 
Analyses showed that 46/68 ROIs had a cross-sectional reduction
n cortical-thickness (adjusted for age at scanning, sex, and eTIV) in
he patient group compared to experimental controls, with a small
ean effect size ( ̄g ( min , max ) = 0 . 175 ( 0 . 022 − 0 . 455 ) ). However, no
OI showed significantly thinner cortex in patients compared to controls
fter FDR correction. When comparing the cognitively spared group
EF Good ) to experimental controls, similar results were found, 42/68 re-
ions showed a reduced cortical-thickness in patients compared to con-
rols ( ̄g ( min , max ) = 0 . 185 ( 0 . 009 − 0 . 482 ) ) yet no differences survived
DR correction. 
There appeared a greater amount and severity of a reduction in
ortical-thickness for the cognitively impaired group (EF Poor ) compared
o controls, 62/68 regions had an effect size in the direction of reduced
ortical-thickness for patients, with the mean effect size being bigger
han that of the other contrasts ( ̄g ( min , max ) = 0 . 448 ( 0 . 012 − 0 . 807 ) ).
The effect sizes of these contrasts can be seen in Fig. 2 , where positive
ffect size indicates a reduction in cortical-thickness in the patient group
elative to controls. However, it is important to remember that, across
ll contrasts, no regional cortical-thickness reductions in the TBI group
ere significant (after FDR correction). 6 .2. Differences in structural-covariance between pTBI and controls 
Mean graph strength for each of the groups and subgroups can be
ound in Table 4 . No significant difference (after FDR correction be-
ween the three contrasts) in mean graph strength was found between
atients and our experimental controls (permuted difference (PermD-
ff) = − 0.483, p fdr = 0.062). When investigating subgroups, signifi-
ant differences were found between experimental controls and EF poor 
PermDiff = 0.947, p fdr = 0.008) but not EF Good (PermDiff = − 0.307,
 fdr = 0.062, respectively). However, it is important to note that, whilst
he observed between-group difference between EF Poor and experimen-
al controls was significant in comparison to the permuted-distribution,
he confidence intervals of the differences all crossed zero. 
After FDR correction across ROIs ( n = 68), no nodal differences re-
ained significant between control and the whole pTBI group or EF Good 
ubgroups. However, when comparing the EF Poor group to controls, mul-
iple regions (44/68) showed significantly greater nodal strength in the
atient group. These regions can be seen in Fig. 2 . These regions were
idely distributed across the cortex, yet a high proportion of these sig-
ificant regions were found in the frontal lobe (41% frontal lobe, 25%
emporal lobe, 20% parietal lobe, 9% cingulate, 5% occipital lobe). 
.3. Structural-covariance between regions with cortical-thickness 
eductions in pTBI 
We conducted permutation testing to estimate whether, for either
he whole group or either of the two subgroups, regions which showed
ortical-thickness reductions compared to controls were those regions
hich, in the typically developing population (i.e. using the experimen-
al controls or ABIDE data controls), show higher levels of structural-
ovariance. When considering the whole group of pTBI patients, for no
alue of n number of regions with greatestcortical-thickness reductions
as the mean strength of regions in the experimental control group sig-
ificantly greater than that of n randomly selected regions (see Fig. 3 ).
his was also true of the EF Good subgroup. 
However, for the EF Poor group, the mean strength in the experimen-
al controls of the n nodes with greatest cortical-thickness reductions
as significantly greater than the mean strength of n randomly selected
egions for 59/67 values of n ( n = 8, 10 – 67, p fdr all < 0.05). 
We validated these results by repeating the analysis using the ABIDE
ataset to estimate mean strength of nodes in the typically developing
rain, as seen in Fig. 4 . The results using our experimental controls were
argely replicated; mean node strength was significantly greater than
hat of n randomly selected regions for multiple values of n in the EF Poor 
roup ( n = 19 – 65, 67, p fdr all < 0.05), but neither the whole pTBI
ample or the EF Good subgroup (as seen in Fig. 5 ). 
.4. Lesion cases 
To examine whether the results were driven by a bias towards cases
ith cortical grey matter lesions who were processed using our custom
reesurfer pipeline, we repeated all analyses excluding the lesion cases
 n = 8). The results can be seen in supplementary material but, briefly,
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Fig. 2. (A) Effect size (Hedge’s g) maps for three planned contrasts; (i) Patients < Controls, (ii) EF Good < Controls and (iii) EF Poor < Controls, each contrast representing 
thinner cortical-thickness in pTBI compared to controls. (B) Permuted difference in structural-covariance for three planned contrast (i) Patients vs Controls, (ii) EF Good 
vs Controls and (iii) EF Poor vs Controls with greater permuted difference representing greater structural-covariance in the patient group. 
Fig. 3. Observed mean strength in the experimental control group across n nodes ( n = 2–68) with greatestcortical-thickness reductions in the whole pTBI group and 































hese were qualitatively the same as the results presented above, with
ignificant effects seen in the EF Poor group but not the whole group or
he EF Good group. 
. Discussion 
The findings presented here demonstrate a potential network-based
echanism for the association between (sub)acute cortical thinning
nd long-term executive dysfunction. For those patients who exhibited
oor, long-term EF outcomes, cortical-thickness reductions were more
ikely to be localised to regions that typically have higher structural-
ovariance than randomly selected regions in normal development. In
ther words, we found that, at the group-level, for cases where long
erm executive function outcome is poor, cortical damage (measured
s cortical-thickness reductions) is seemingly preferentially loaded onto
egions high in structural covariance in the typically developing popu-7 ation, but not when EF is spared. A key strength of this study was that
e were able to replicate these findings across two different control
roups. 
In traditional ROI-based analyses of cortical thickness, we found that
o regions showed significant thinning, regardless of chronic execu-
ive functioning. However, our findings of network-based loading of the
ubtle cortical differences in the executive dysfunction group, suggests
hat rather than the topography (the physical distribution across cor-
ex) of specific alterations being important to functional outcomes, it is
he topology (the connectivity of a node) of these regions in the wider
ortical network which is important. There is spatial inconsistency in
lterations to brain morphometry associated both between and within
linical manifestations of neurological disorders ( Cauda et al., 2019 ),
ncluding pTBI ( King et al., 2019 ), and the location and extent of focal
rain damage is seemingly insufficient to fully explain the neuropsycho-
ogical deficits that persist post-injury ( Bigler, 2001 ; King et al., 2019 ). 
D.J. King, S. Seri, C. Catroppa et al. NeuroImage 244 (2021) 118612 
Fig. 4. (A) Nodal strength as estimated from 
the typically-developing controls from the 
ABIDE cohort across all ROIs in the Desikan- 
Killany atlas; (B) Distribution of nodal strength 
values across the ROIs. 
Fig. 5. Observed mean strength in the ABIDE control group across n nodes ( n = 2–68) with greatest cortical-thickness reductions in the whole pTBI group and both 
the EF Good and EF Poor subgroups, grey shaded region represents the mean nodal strength for 5000 permutations of n randomly selected nodes, with the grey line 
















C  Our findings suggest that, this may be because spatially-disparate
esions and/or morphometric changes may occupy similar topologi-
al positions in the network and in these cases result in a similar
europsychological profile. Damage to topologically central regions
ikely has a disproportionate impact on the broader network, espe-
ially as they are particularly relevant to the development of the
rain ( Csermely et al., 2013 ; Morgan et al., 2018 ; Oldham and For-
ito, 2019 ), and this in turn renders this ‘damage’ more likely to be8 ehaviourally symptomatic ( Crossley et al., 2014 ; Hillary and Grafman,
017 ). 
This was apparent in these results with damage loading preferen-
ially onto these regions seemingly more likely to result in EF im-
airment. The neuropsychological nature of executive functions are
lso more likely to amplify this effect, given that they are sup-
orted by widely distributed neural networks ( Beauchamp et al., 2011 ;
ollette et al., 2006 ; Nowrangi et al., 2014 ; Slomine et al., 2002 ) and are


































































































































herefore particularly vulnerable to the distributed, multifocal mecha-
isms of TBI ( Treble-Barna et al., 2017 ). 
The findings here, if replicable, could have significant clinical im-
lications for pTBI. This association identified by these results, that
he topological positioning of (sub)acute cortical thinning being related
o long-term (2 years post-injury) cognitive sequelae suggests that the
tructural-basis of poorer outcomes is set in motion from the early dam-
ge caused by primary injury, specifically the topology of this dam-
ge. Whilst the effects of secondary injury are treatable and poten-
ially reversible with prompt and proper disease-modifying treatment
 Ghajar, 2000 ; McKee and Daneshvar, 2015 ), primary injury is consid-
red more permanent. 
Therefore, these results suggest that some variance in chronic poor
ognitive outcomes can be explained by the unchangeable (sub)acute,
rimary injury. This would therefore mean that there is potential for
redicting, at this early timepoint, those young people at greatest risk
f these long term outcomes potentially allowing for early identification
f these young people, and thus early neurorehabilitative treatment, en-
uring these young people can maximise their long-term outcomes. 
It is important to note the acute/sub-acute timing of the MRI in these
ases. MRI changes to both cortical thickness and volume have been re-
orted in both the acute and sub-acute stages of pTBI previous findings
t this acute time-point post injury ( King et al., 2019 ; McCauley et al.,
010 ; Urban et al., 2017 ; Wilde et al., 2012 ), however, we did not repli-
ate this in our current sample. Our findings also challenge previous
nalyses of post-injury cortical-thickness being specifically related to
xecutive functioning ( Wilde et al., 2012 ). Observed differences were
enerally in the expected direction, with patients having thinner cor-
ices, but effect sizes were very small across regions. 
Cortical thickness reductions, as measured in-vivo with MRI, aim to
ssess the potential atrophic effects of the cascade of mechanisms that
ccur post-injury ( Bigler, 2013 ). At this early stage post-injury, cortical
hinning could be due to primary injury mechanisms, such as impaired
erfusion ( van der Kleij et al., 2020 ; Xu et al., 2010 ) or trauma induced
ell loss ( Bigler, 2013 ; Cullen et al., 2011 ) for instance. Cortical thinning
s likely to be associated with loss of cortical neurons ( Maxwell et al.,
010 ), although this continues over months and years post-injury, likely
ue to the ongoing effects of secondary injury ( Bigler, 2013 ) and po-
entially explaining neuroimaging findings consistent with chronic neu-
odegeneration over time ( King et al., 2019 ). The lack of significant find-
ngs in terms of cortical thinning may suggest that, without the chronic
ffects of neurodegeneration, cortical thinning is relatively subtle and
ndetectable (especially in smaller samples). It may be the case that the
hanges seen this acutely post-injury are too subtle to detect at these
ample sizes, especially over multiple ROIs. However, the only two stud-
es to report cortical-thickness reductions in patients compared to con-
rols at a similarly acute time point post-injury conducted vertex-wise
nalyses ( McCauley et al., 2010 ; Urban et al., 2017 ). It may in fact be
hat cortical thickness reductions are local to the sites of primary injury
coup and contra-coup) and the process of parcellating and averaging
hese changes over a region for ROI-based analyses makes these harder
o detect. 
Despite the non-significance of these univariate tests, we hypothe-
ised that the cumulative effect of these subtle differences in cortical-
hickness still has a functionally meaningful effect on the developing
rain, post-injury. Hence, in a novel set of analyses, we investigated
he structural covariance network as a method to investigate the multi-
ariate relationships between cortical-thicknesses across the cortex. We
ound that differences in the mean graph strength, the average magni-
ude of structural-covariance across all nodes, was not different when
omparing pTBI patients to our experimental controls, however, when
tratifying based on EF outcome, significant differences from controls
ere found for the EF Poor but not the EF Good group. This suggests that
he structural covariance network is only ‘abnormal’ in the impaired
roup, with the non-impaired group showing a network structure sim-
lar to controls. This pattern was repeated for the nodal-level findings9 nd, somewhat unsurprisingly, the significant differences in the EF Poor 
roup were overly represented by nodes in the frontal and temporal
obes, regions commonly implicated in brain morphometry differences
ost-pTBI ( King et al., 2019 ), with frontal regions being key regions in
he widely distributed neural networks supporting executive functions
 Beauchamp et al., 2011 ; Collette et al., 2006 ; Nowrangi et al., 2014 ;
lomine et al., 2002 ). 
At both the nodal- and graph-level, the magnitude of structural-
ovariance was greater in the impaired patient group than our exper-
mental groups. This would suggest that, in these patients, the mor-
hometry of regions across the cortex was less differentiated. Whilst
t remains unclear how this may translate into changes to the underly-
ng neuroanatomy of the brain, this represents a marked change from
he gene-controlled patterning of structural-covariance across the cor-
ex ( Romero-Garcia et al., 2018 ; Yee et al., 2017 ). This group-level
nding aligns with our previous individual-level analysis of deviation
rom typical structural covariance network being related to EF abilities
 King et al., 2020 ). 
Given the acute timing of the MRI in this study, it is unclear how
he ongoing neuropathophysiology of brain injury may alter the ongo-
ng development of the morphometry of the brain after the injury. This
ill be of particular interest to the study of structural covariance af-
er pTBI, given the developmental drivers of this higher-order organi-
ation of brain morphometry ( Alexander-Bloch et al., 2013 ; Fan et al.,
011 ; Khundrakpam et al., 2017 , 2016 , 2013 ; Raznahan et al., 2011 ;
áš a et al., 2017 ), future longitudinal research would be well positioned
o answer this. 
Diffusion MRI (DWI) is the current standard for estimating struc-
ural connectivity of white matter fibre-bundles between brain regions
 Batalle et al., 2018 ). White-matter connectivity of the brain is specif-
cally susceptible to the effects of pTBI, due to diffuse axonal injury,
eflected in topological differences after injury, compared to controls
cutely after mild pTBI ( Yuan et al., 2015 ) but also across wider
njury severities chronically after injury ( Caeyenberghs et al., 2012 ;
onigs et al., 2017 ; Yuan et al., 2016 ). However, high quality DWI se-
uences have long acquisition lengths and thus may not be suitable for
aediatric populations ( Batalle et al., 2013 ). Thus, structural-covariance
ay be a more feasible alternative to studying the structural effects of
TBI, by investigating the meaningful meso ‑scale organisation of brain
tructure across the cortex. Previous research has also highlighted the
otential role of WM connectivity as a driver of structural covariance be-
ween regions ( Gong et al., 2012 ; Reid et al., 2016 ) as regions which are
imilar in cytoarchitectural organisation are more likely to be anatom-
cally connected ( Goulas et al., 2017 ; Wei et al., 2019 ). Therefore, the
tructural-covariance approach may in fact capture not only patholog-
cal grey-matter alterations, but also the effects of DAI. However, it is
ital to emphasise that DWI and associated tractography methods esti-
ate ‘actual’ connectivity, rather than the network-level organisation of
rain structure measured by structural covariance. These methods are
hus likely to provide overlapping and complementary information to
WI, and future studies should combine these methodologies in multi-
odal studies of the cortex post-injury to better understand how they
apture injury mechanisms. 
. Limitations and future considerations/directions 
It is important to note that in this cohort, there were a limited num-
er who met the criteria we set for executive dysfunction, compared to
hose with a favourable outcome at two years post-injury. This means
hat, the sub-analysis had much smaller sample sizes, especially the EF-
oor group, although we conducted a number of steps to best support
he findings reported here (i.e. validating in a second control cohort,
orrecting for unequal sample sizes etc.). Future research should firstly
alidate the claims made here before any work can be done to investi-
ate the clinical significance of this work. 






















































































































B  Structural-covariance is limited to the application to population-
evel covariance in neuroanatomy ( Alexander-Bloch et al., 2013 ). We
pecifically investigate the age-invariant structural covariance network
 Váš a et al., 2017 ), since the analysis combines data across childhood
nd adolescence, modelling the common network structure across de-
elopment. The limited numbers in our experimental control group
ould result in limited accuracy of the estimation of this age-invariant
tructural-covariance network. Utilising the ABIDE reference group al-
owed us to replicate the results using a more reliable estimate of the
ge-invariant structural-covariance network due to the much larger sam-
le size. However, it is important to note that hubs of the structural-
ovariance network have distinct developmental trajectories over the
ime course of childhood and adolescence ( Khundrakpam et al., 2013 ;
hitaker et al., 2016 ). Therefore, future research should try to re-
olve the relationship between cortical-thickness reductions post-TBI
nd structural-covariance across age-matched structural-covariance net-
orks. 
It is important to consider the potential methodological reasons for
etecting differences in structural covariance but not cortical thickness.
t may in fact be the case that the SCN approach, due to the fact it consid-
rs higher order interactions and organisation of regional morphometry,
hese methods are more sensitive to the subtleties of injury. This may
e because (sub-significant) thinning to region X may not be detected in
 standard univariate analysis, but in the SCN approach, this thinning
mpacts on nodal metrics for all nodes – thus amplifying these subtle dif-
erences. This amplification and thus increased sensitivity to structural
ifferences may be beneficial in studies of mild traumatic brain injury,
here damage can be difficult to detect even when there is significant
unctional impairment caused by injury. Future work should further in-
estigate the role of SCN analyses in TBI, especially in more chronic
opulations where even univariate cortical thickness differences are de-
ectable, to identify the additional benefit of these methods. Method-
logically, greater consideration also needs to be given to the apparent
ower of SCN analyses to detect abnormalities in comparison to tradi-
ional univariate analyses. 
We focussed on nodes with high topological strength in the net-
ork, namely regions that have high summed structural covariance with
ll other regions of the brain. This metric is a relatively simplistic, al-
hough intuitive, measure of ‘hubness’ but may not capture the more
uanced aspects of the centrality of a node in a network ( Oldham and
ornito, 2019 ; van den Heuvel and Sporns, 2013 ). However, due to the
act that the structural-covariance networks do not adhere to typical as-
umptions of networks (edges representing definitive real connections)
e utilised strength as a simpler metric which makes fewer assumptions
bout the underlying neurophysiology of the network. Once a more com-
lete understanding of communication dynamics throughout the struc-
ural covariance network has been understood, future studies may in-
estigate other, more nuanced measures of nodal centrality, which may
apture greater information about their role in the wider network. 
We specifically try to elucidate effects specific to pTBI, and where
ossible have accounted for variables which may also impact upon cor-
ical development such as gender and age. However, other important
actors may have influenced both cortical development and/or post-
njury executive functioning such as pre-morbid IQ. Accurate estimates
f pre-morbid functioning where not collected in the current dataset and
eflects a common limitation of research in this field. 
. Conclusion 
There is strong theoretical support for future studies of brain insults
o focus on generating hypotheses about underlying pathophysiology to
he neural network biology ( Aerts et al., 2016 ). Here we provide a novel
ethodological advance in support of this goal, offering an analysis of
tructural-covariance post-TBI in which we specifically proposed that
he topology of nodes which were damaged would be important for un-
erstanding which children go on to experience functionally relevant10 mpairment post-injury. Given disparity in outcomes after a pTBI, these
esults are a key first step in utilising knowledge of topology in typical
evelopment for predicting which children go on to experience signifi-
ant impairment post-injury as opposed to those who will recover well.
uture research needs to expand these findings to investigate the causal
ature of these relationships, and to see whether these patterns expand
eyond the structural-covariance network of the brain (i.e. DTI). 
redit authorship contribution statement 
Daniel J. King: Conceptualization, Methodology, Formal analysis,
riting – original draft. Stefano Seri: Writing – review & editing, Su-
ervision. Cathy Catroppa: Investigation, Resources, Writing – review
 editing. Vicki A. Anderson: Investigation, Resources, Writing – re-
iew & editing. Amanda G. Wood: Conceptualization, Writing – review
 editing, Supervision, Funding acquisition. 
unding 
This work was supported by a European Research Council (ERC) -
onsolidator Grant (ERC –CoG) to AW [grant number 682734]. DK was
upported by a studentship from Aston University, School of Life and
ealth Sciences. This work was supported by a grant from the Victoria
eurotrauma Initiative, Australia (No. CO6E1) to VAA. 
upplementary materials 
Supplementary material associated with this article can be found, in
he online version, at doi:10.1016/j.neuroimage.2021.118612 . 
eferences 
erts, H., Fias, W., Caeyenberghs, K., Marinazzo, D., 2016. Brain networks under attack:
robustness properties and the impact of lesions. Brain doi: 10.1093/brain/aww194 . 
lexander-Bloch, A., Giedd, J.N., Bullmore, E., 2013a. Imaging structural co-
variance between human brain regions. Nat. Rev. Neurosci. 14 (5), 322–336.
doi: 10.1038/nrn3465 . 
lexander-Bloch, A., Raznahan, A., Bullmore, E., Giedd, J., 2013b. The convergence of
maturational change and structural covariance in human cortical networks. J. Neu-
rosci. 33 (7), 2889–2899. doi: 10.1523/JNEUROSCI.3554-12.2013 . 
nderson, V., Beauchamp, M.H., Yeates, K.O., Crossley, L., Hearps, S.J., Catroppa, C.,
2013. Social competence at 6 months following childhood traumatic brain injury. J.
Int. Neuropsychol. Soc. 19 (5), 539–550. doi: 10.1017/S1355617712001543 . 
nderson, V., Beauchamp, M.H., Yeates, K.O., Crossley, L., Ryan, N., Hearps, S.J.C., Cat-
roppa, C., 2017. Social competence at two years after childhood traumatic brain in-
jury. J. Neurotrauma 34 (14), 2261–2271. doi: 10.1089/neu.2016.4692 . 
atalle, D., Edwards, A.D., O’Muircheartaigh, J, 2018. Annual Research Review: not just a
small adult brain: understanding later neurodevelopment through imaging the neona-
tal brain. J. Child Psychol. Psychiatry 59 (4), 350–371. doi: 10.1111/jcpp.12838 . 
atalle, D., Munoz-Moreno, E., Figueras, F., Bargallo, N., Eixarch, E., Gratacos, E., 2013.
Normalization of similarity-based individual brain networks from gray matter MRI
and its association with neurodevelopment in infants with intrauterine growth re-
striction. Neuroimage 83, 901–911. doi: 10.1016/j.neuroimage.2013.07.045 . 
eauchamp, M., Catroppa, C., Godfrey, C., Morse, S., Rosenfeld, J.V., Ander-
son, V., 2011. Selective changes in executive functioning ten years after se-
vere childhood traumatic brain injury. Dev. Neuropsychol. 36 (5), 578–595.
doi: 10.1080/87565641.2011.555572 . 
eauchamp, M.H., Aglipay, M., Yeates, K.O., Desire, N., Keightley, M., Anderson, P., … Ze-
mek, R., 2018. Predictors of neuropsychological outcome after pediatric concussion.
Neuropsychology 32 (4), 495–508. doi: 10.1037/neu0000419 . 
eauchamp, M.H., Brooks, B.L., Barrowman, N., Aglipay, M., Keightley, M., Anderson, P.,
… Zemek, R., 2015. Empirical derivation and validation of a clinical case definition
for neuropsychological impairment in children and adolescents. J. Int. Neuropsychol.
Soc. 21 (8), 596–609. doi: 10.1017/S1355617715000636 . 
ellec, P., Yan, C., Milham, M., Li, Q., Lewis, J., Khundrakpam, B., … Crad-
dock, C., 2013. The neuro bureau preprocessing initiative: open sharing
of preprocessed neuroimaging data and derivatives. Front. Neuroinform. 7.
doi: 10.3389/conf.fninf.2013.09.00041 . 
enjamini, Y. , Hochberg, Y. , 1995. Controlling the false discovery rate: a practical and
powerful approach to multiple testing. J. R. Stat. Soc. Ser. B Methodol. 57 (1),
289–300 . 
igler , 2007a. Neuroimaging correlates of functional outcome. In: Zasler, N.D., Katz, D.I.,
Zafonte, R.D. (Eds.), Brain Injury Medicine: Principles and Practice. Demos Medical
Publishing, New York, pp. 225–246 . 
igler, E. , 2001. Quantitative magnetic resonance imaging in traumatic brain injury. J.
Head Trauma Rehabil. 16 (2), 117–134 . 



















































































































igler, E.D., 2007b. Anterior and middle cranial fossa in traumatic brain injury: relevant
neuroanatomy and neuropathology in the study of neuropsychological outcome. Neu-
ropsychology 21 (5), 515–531. doi: 10.1037/0894-4105.21.5.515 . 
igler, E.D., 2013. Traumatic brain injury, neuroimaging, and neurodegeneration. Front.
Hum. Neurosci. 7. doi: 10.3389/Fnhum.2013.00395 . 
igler, E.D., 2016. Systems biology, neuroimaging, neuropsychology, neuroconnectivity
and traumatic brain injury. Front. Syst. Neurosci. 10. doi: 10.3389/Fnsys.2016.00055 .
igler, E.D., Abildskov, T.J., Petrie, J., Farrer, T.J., Dennis, M., Simic, N., … Owen
Yeates, K., 2013. Heterogeneity of brain lesions in pediatric traumatic brain injury.
Neuropsychology 27 (4), 438–451. doi: 10.1037/a0032837 . 
igler, E.D., Maxwell, W.L., 2011. Neuroimaging and neuropathology of TBI. Neuroreha-
bilitation 28 (2), 63–74. doi: 10.3233/NRE-2011-0633 . 
aeyenberghs, K., Leemans, A., De Decker, C., Heitger, M., Drijkoningen, D., Linden, C.V.,
… Swinnen, S.P., 2012. Brain connectivity and postural control in young traumatic
brain injury patients: a diffusion MRI based network analysis. Neuroimage Clin. 1 (1),
106–115. doi: 10.1016/j.nicl.2012.09.011 . 
atroppa, C., Hearps, S., Crossley, L., Yeates, K., Beauchamp, M., Fusella, J., Anderson, V.,
2017. Social and behavioral outcomes following childhood traumatic brain injury:
what predicts outcome at 12 months post-insult? J. Neurotrauma 34 (7), 1439–1447.
doi: 10.1089/neu.2016.4594 . 
auda, F., Mancuso, L., Nani, A., Costa, T., 2019. Heterogeneous neuroimaging find-
ings, damage propagation and connectivity: an integrative view. Brain 142 (5), e17.
doi: 10.1093/brain/awz080 . 
ollette, F., Hogge, M., Salmon, E., Van der Linden, M., 2006. Exploration of the neural
substrates of executive functioning by functional neuroimaging. Neuroscience 139
(1), 209–221. doi: 10.1016/j.neuroscience.2005.05.035 . 
rossley, N.A., Mechelli, A., Scott, J., Carletti, F., Fox, P.T., McGuire, P., Bullmore, E.T.,
2014. The hubs of the human connectome are generally implicated in the anatomy of
brain disorders. Brain 137, 2382–2395. doi: 10.1093/brain/awu132 . 
sardi, G. , Nepusz, T. , 2006. The igraph software package for complex network research.
Inter J. Complex Syst. 1695 (5), 1–9 . 
sermely, P., London, A., Wu, L.Y., Uzzi, B., 2013. Structure and dynamics of
core/periphery networks. J. Complex Netw. 1 (2), 93–123. doi: 10.1093/com-
net/cnt016 . 
ullen, D.K., Vernekar, V.N., LaPlaca, M.C., 2011. Trauma-induced plasmalemma disrup-
tions in three-dimensional neural cultures are dependent on strain modality and rate.
J. Neurotrauma 28 (11), 2219–2233. doi: 10.1089/neu.2011.1841 . 
ale, A.M., Fischl, B., Sereno, M.I., 1999. Cortical surface-based analysis -
I. Segmentation and surface reconstruction. Neuroimage 9 (2), 179–194.
doi: 10.1006/nimg.1998.0395 . 
ale, A.M., Sereno, M.I., 1993. Improved localization of cortical activity by combining
EEG and MEG with MRI cortical surface reconstruction - a linear-approach. J. Cognit.
Neurosci. 5 (2), 162–176. doi: 10.1162/jocn.1993.5.2.162 . 
elis, D.C. , Kaplan, E. , Kramer, J.H. , 2001. Delis Kaplan Executive Function System
(D-KEFS) Examiner’s Manual. The Psychological Corporation, San Antonio, TX . 
esikan, R.S., Segonne, F., Fischl, B., Quinn, B.T., Dickerson, B.C., Blacker, D., … Kil-
liany, R.J., 2006. An automated labeling system for subdividing the human cerebral
cortex on MRI scans into gyral based regions of interest. Neuroimage 31 (3), 968–980.
doi: 10.1016/j.neuroimage.2006.01.021 . 
i Martino, A., Yan, C.G., Li, Q., Denio, E., Castellanos, F.X., Alaerts, K., … Milham, M.P.,
2014. The autism brain imaging data exchange: towards a large-scale evaluation
of the intrinsic brain architecture in autism. Mol. Psychiatry 19 (6), 659–667.
doi: 10.1038/mp.2013.78 . 
iamond, A., 2013. Executive functions. Annu. Rev. Psychol. 64, 135–168.
doi: 10.1146/annurev-psych-113011-143750 . 
onders, J., DeWit, C., 2017. Parental ratings of daily behavior and child cognitive test
performance after pediatric mild traumatic brain injury. Child Neuropsychol. 23 (5),
554–570. doi: 10.1080/09297049.2016.1161015 . 
owning, K., 2015. An Examination of Three Theoretical Models of Executive
Functioning. Texas Woman’s University (Doctor of Philosophy)Retrieved from
https://twu-ir.tdl.org/handle/11274/7031?show = full . 
rijkoningen, D., Chalavi, S., Sunaert, S., Duysens, J., Swinnen, S.P., Caeyen-
berghs, K., 2017. Regional gray matter volume loss is associated with gait im-
pairments in young brain-injured individuals. J. Neurotrauma 34 (5), 1022–1034.
doi: 10.1089/neu.2016.4500 . 
vans, A.C., 2013. Networks of anatomical covariance. Neuroimage 80, 489–504.
doi: 10.1016/j.neuroimage.2013.05.054 . 
agerholm, E.D., Hellyer, P.J., Scott, G., Leech, R., Sharp, D.J., 2015. Disconnection of
network hubs and cognitive impairment after traumatic brain injury. Brain 138, 1696–
1709. doi: 10.1093/brain/awv075 . 
an, Y., Shi, F., Smith, J.K., Lin, W., Gilmore, J.H., Shen, D., 2011. Brain anatomi-
cal networks in early human brain development. Neuroimage 54 (3), 1862–1871.
doi: 10.1016/j.neuroimage.2010.07.025 . 
ischl, B., 2012. FreeSurfer. Neuroimage 62 (2), 774–781.
doi: 10.1016/j.neuroimage.2012.01.021 . 
ischl, B. , Dale, A.M. , 2000. Measuring the thickness of the human cerebral cortex from
magnetic resonance images. Proc. Natl. Acad. Sci. USA, 97 (20), 11050–11055 . 
ischl, B., Liu, A., Dale, A.M., 2001. Automated manifold surgery: constructing geomet-
rically accurate and topologically correct models of the human cerebral cortex. IEEE
Trans. Med. Imaging 20 (1), 70–80. doi: 10.1109/42.906426 . 
ischl, B. , van der Kouwe, A. , Destrieux, C. , Halgren, E. , Segonne, F. , Salat, D.H. , …
Dale, A.M. , 2004. Automatically parcellating the human cerebral cortex. Cereb. Cor-
tex 14 (1), 11–22 . 
ornito, A. , Zalesky, A. , Bullmore, E. , 2016. Fundamentals of Brain Network Analysis.
Academic Press . 11 hajar, J., 2000. Traumatic brain injury. Lancet 356 (9233), 923–929.
doi: 10.1016/S0140-6736(00)02689-1 . 
ong, G., He, Y., Chen, Z.J., Evans, A.C., 2012. Convergence and divergence of thickness
correlations with diffusion connections across the human cerebral cortex. Neuroimage
59 (2), 1239–1248. doi: 10.1016/j.neuroimage.2011.08.017 . 
oulas, A., Uylings, H.B., Hilgetag, C.C., 2017. Principles of ipsilateral and contralateral
cortico-cortical connectivity in the mouse. Brain Struct. Funct. 222 (3), 1281–1295.
doi: 10.1007/s00429-016-1277-y . 
annawi, Y., Stevens, R.D., 2016. Mapping the connectome following traumatic brain
injury. Curr. Neurol. Neurosci. Rep. 16 (5). doi: 10.1007/s11910-016-0642-9 . 
ayes, J.P., Bigler, E.D., Verfaellie, M., 2016. Traumatic brain injury as a dis-
order of brain connectivity. J. Int. Neuropsychol. Soc. 22 (2), 120–137.
doi: 10.1017/S1355617715000740 . 
edges, L.V. , Olkin, I. , 2014. Statistical Methods For Meta-Analysis. Academic Press . 
illary, F.G., Grafman, J.H., 2017. Injured brains and adaptive networks: the ben-
efits and costs of hyperconnectivity. Trends Cognit. Sci. 21 (5), 385–401.
doi: 10.1016/j.tics.2017.03.003 . 
ong, S.J., Bernhardt, B.C., Gill, R.S., Bernasconi, N., Bernasconi, A., 2017. The spectrum
of structural and functional network alterations in malformations of cortical develop-
ment. Brain 140 (8), 2133–2143. doi: 10.1093/brain/awx145 . 
m, K., Lee, J.M., Lyttelton, O., Kim, S.H., Evans, A.C., Kim, S.I., 2008. Brain size
and cortical structure in the adult human brain. Cereb. Cortex 18 (9), 2181–2191.
doi: 10.1093/cercor/bhm244 . 
hundrakpam, B.S., Lewis, J.D., Reid, A., Karama, S., Zhao, L., Chouinard-
Decorte, F.Brain Development Cooperative, G., 2017. Imaging structural covari-
ance in the development of intelligence. Neuroimage 144 (Pt A), 227–240.
doi: 10.1016/j.neuroimage.2016.08.041 . 
hundrakpam, B.S., Lewis, J.D., Zhao, L., Chouinard-Decorte, F., Evans, A.C., 2016. Brain
connectivity in normally developing children and adolescents. Neuroimage 134, 192–
203. doi: 10.1016/j.neuroimage.2016.03.062 . 
hundrakpam, B.S., Reid, A., Brauer, J., Carbonell, F., Lewis, J., Ameis, S., … Grp, B.D.C.,
2013. Developmental changes in organization of structural brain networks. Cereb.
Cortex 23 (9), 2072–2085. doi: 10.1093/cercor/bhs187 . 
ing, D.J., Ellis, K.R., Seri, S., Wood, A.G., 2019. A systematic review of cross-
sectional differences and longitudinal changes to the morphometry of the
brain following paediatric traumatic brain injury. Neuroimage Clin. 23, 101844.
doi: 10.1016/j.nicl.2019.101844 . 
ing, D.J., Seri, S., Beare, R., Catroppa, C., Anderson, V.A., Wood, A.G., 2020. Develop-
mental divergence of structural brain networks as an indicator of future cognitive
impairments in childhood brain injury: executive functions. Dev. Cognit. Neurosci.
42, 100762. doi: 10.1016/j.dcn.2020.100762 . 
lapwijk, E.T., van de Kamp, F., van der Meulen, M., Peters, S., Wierenga, L.M., 2019.
Qoala-T: a supervised-learning tool for quality control of FreeSurfer segmented MRI
data. Neuroimage 189, 116–129. doi: 10.1016/j.neuroimage.2019.01.014 . 
onigs, M., van Heurn, L.W.E., Bakx, R., Vermeulen, R.J., Goslings, J.C., Poll-The, B.T., …
Pouwels, P.J.W., 2017. The structural connectome of children with traumatic brain
injury. Hum. Brain Mapp. doi: 10.1002/hbm.23614 . 
erch, J.P., Worsley, K., Shaw, W.P., Greenstein, D.K., Lenroot, R.K., Giedd, J.,
Evans, A.C., 2006. Mapping anatomical correlations across cerebral cortex
(MACACC) using cortical thickness from MRI. Neuroimage 31 (3), 993–1003.
doi: 10.1016/j.neuroimage.2006.01.042 . 
agnotta, V.A., 1999. Quantitative in vivo measurement of gyrification in the human
brain: changes associated with aging. Cereb. Cortex 9 (2), 151–160. doi: 10.1093/cer-
cor/9.2.151 . 
anly, T. , Robertson, I.H. , Anderson, V. , Nimmo-Smith, I. , 1999. The Test of Everyday
Attention For Children (TEA-Ch) Manual. Harcourt Assessment, London . 
axwell, W.L., 2012. Traumatic brain injury in the neonate, child and adoles-
cent human: an overview of pathology. Int. J. Dev. Neurosci. 30 (3), 167–183.
doi: 10.1016/j.ijdevneu.2011.12.008 . 
axwell, W.L., MacKinnon, M.A., Stewart, J.E., Graham, D.I., 2010. Stereology of cerebral
cortex after traumatic brain injury matched to the Glasgow outcome score. Brain 133,
139–160. doi: 10.1093/brain/awp264 . 
cCauley, S.R., Wilde, E.A., Merkley, T.L., Schnelle, K.P., Bigler, E.D., Hunter, J.V., …
Levin, H.S., 2010. Patterns of cortical thinning in relation to event-based prospective
memory performance three months after moderate to severe traumatic brain injury
in children. Dev. Neuropsychol. 35 (3), 318–332. doi: 10.1080/87565641003696866 .
cKee, A.C., Daneshvar, D.H., 2015. The neuropathology of traumatic brain injury.
Handb. Clin. Neurol. 127, 45–66. doi: 10.1016/B978-0-444-52892-6.00004-0 . 
cKinlay, A., Grace, R.C., Horwood, L.J., Fergusson, D.M., Ridder, E.M., Macfarlane, M.R.,
2008. Prevalence of traumatic brain injury among children, adolescents and young
adults: prospective evidence from a birth cohort. Brain Inj. 22 (2), 175–181.
doi: 10.1080/02699050801888824 . 
echelli, A., Friston, K.J., Frackowiak, R.S., Price, C.J., 2005. Structural covari-
ance in the human cortex. J. Neurosci. 25 (36), 8303–8310. doi: 10.1523/JNEU-
ROSCI.0357-05.2005 . 
iyake, A., Friedman, N.P., Emerson, M.J., Witzki, A.H., Howerter, A., Wager, T.D.,
2000. The unity and diversity of executive functions and their contributions to com-
plex "frontal lobe" tasks: a latent variable analysis. Cognit. Psychol. 41 (1), 49–100.
doi: 10.1006/cogp.1999.0734 . 
organ, S.E., White, S.R., Bullmore, E.T., Vertes, P.E., 2018. A network neuroscience
approach to typical and atypical brain development. Biol. Psychiatry Cognit. Neurosci.
Neuroimaging 3 (9), 754–766. doi: 10.1016/j.bpsc.2018.03.003 . 
owrangi, M.A., Lyketsos, C., Rao, V., Munro, C.A., 2014. Systematic review of
neuroimaging correlates of executive functioning: converging evidence from dif-
ferent clinical populations. J. Neuropsychiatry Clin. Neurosci. 26 (2), 114–125.
doi: 10.1176/appi.neuropsych.12070176 . 









































































ldham, S., Fornito, A., 2019. The development of brain network hubs. Dev. Cognit. Neu-
rosci. 36. doi: 10.1016/J.Dcn.2018.12.005 . 
 Core Team, 2016. R: A Language and Environment For Statistical Computing (Ver-
sion 3.3.2). R Foundation for Statistical Computing, Vienna, Austria Retrieved from
https://www.R-project.org/ . 
aznahan, A., Lerch, J.P., Lee, N., Greenstein, D., Wallace, G.L., Stockman, M., …
Giedd, J.N., 2011. Patterns of coordinated anatomical change in human cortical de-
velopment: a longitudinal neuroimaging study of maturational coupling. Neuron 72
(5), 873–884. doi: 10.1016/j.neuron.2011.09.028 . 
eid, A.T., Lewis, J., Bezgin, G., Khundrakpam, B., Eickhoff, S.B., McIn-
tosh, A.R., … Evans, A.C., 2016. A cross-modal, cross-species comparison
of connectivity measures in the primate brain. Neuroimage 125, 311–331.
doi: 10.1016/j.neuroimage.2015.10.057 . 
omero-Garcia, R., Whitaker, K.J., Vasa, F., Seidlitz, J., Shinn, M., Fonagy, P., …
Vertes, P.E., 2018. Structural covariance networks are coupled to expression of genes
enriched in supragranular layers of the human cortex. Neuroimage 171, 256–267.
doi: 10.1016/j.neuroimage.2017.12.060 . 
osnow, R.L., Rosenthal, R., Rubin, D.B., 2000. Contrasts and correlations in effect-size
estimation. Psychol. Sci. 11 (6), 446–453. doi: 10.1111/1467-9280.00287 . 
anta-Cruz, C., Rosas, R., 2017. Mapping of executive functions /Car-
tografía de las Funciones Ejecutivas. Estud. Psicol. 38 (2), 284–310.
doi: 10.1080/02109395.2017.1311459 . 
chneider, E.B., Sur, S., Raymont, V., Duckworth, J., Kowalski, R.G., Efron, D.T.,
… Stevens, R.D., 2014. Functional recovery after moderate/severe traumatic
brain injury: a role for cognitive reserve? Neurology 82 (18), 1636–1642.
doi: 10.1212/WNL.0000000000000379 . 
egonne, F., Dale, A.M., Busa, E., Glessner, M., Salat, D., Hahn, H.K., Fischl, B., 2004. A
hybrid approach to the skull stripping problem in MRI. Neuroimage 22 (3), 1060–
1075. doi: 10.1016/j.neuroimage.2004.03.032 . 
egonne, F., Pacheco, J., Fischl, B., 2007. Geometrically accurate topology-correction of
cortical surfaces using nonseparating loops. IEEE Trans. Med. Imaging 26 (4), 518–
529. doi: 10.1109/Tmi.2006.887364 . 
erra-Grabulosa, J.M., Junque, C., Verger, K., Salgado-Pineda, P., Maneru, C., Mer-
cader, J.M., 2005. Cerebral correlates of declarative memory dysfunctions in
early traumatic brain injury. J. Neurol. Neurosurg. Psychiatry 76 (1), 129–131.
doi: 10.1136/jnnp.2004.027631 . 
lomine, B.S., Gerring, J.P., Grados, M.A., Vasa, R., Brady, K.D., Christensen, J.R.,
Denckla, M.B., 2002. Performance on measures of ’executive function’
following pediatric traumatic brain injury. Brain Inj. 16 (9), 759–772.
doi: 10.1080/02699050210127286 . 
owell, E.R., Peterson, B.S., Kan, E., Woods, R.P., Yoshii, J., Bansal, R., … Toga, A.W.,
2007. Sex differences in cortical thickness mapped in 176 healthy individuals between
7 and 87 years of age. Cereb. Cortex 17 (7), 1550–1560. doi: 10.1093/cercor/bhl066 .
panos, G.K. , Wilde, E.A. , Bigler, E.D. , Cleavinger, H.B. , Fearing, M.A. , Levin, H.S. , …
Hunter, J.V. , 2007. cerebellar atrophy after moderate-to-severe pediatric traumatic
brain injury. AJNR Am. J. Neuroradiol. 28 (3), 537–542 . 
easdale, G. , Jennett, B. , 1974. Assessment of coma and impaired consciousness-practical
scale. Lancet 2 (7872), 81–84 . 
reble-Barna, A., Zang, H., Zhang, N., Taylor, H.G., Yeates, K.O., Wade, S., 2017. Long-
term neuropsychological profiles and their role as mediators of adaptive function-
ing after traumatic brain injury in early childhood. J. Neurotrauma 34 (2), 353–362.
doi: 10.1089/neu.2016.4476 . 
rban, K.J., Riggs, L., Wells, G.D., Keightley, M., Chen, J.K., Ptito, A., … Sinopoli, K.J.,
2017. Cortical thickness changes and their relationship to dual-task performance
following mild traumatic brain injury in youth. J. Neurotrauma 34 (4), 816–823.
doi: 10.1089/neu.2016.4502 . 12 an den Heuvel, M.P., Sporns, O., 2013. Network hubs in the human brain. Trends Cognit.
Sci. 17 (12), 683–696. doi: 10.1016/j.tics.2013.09.012 . 
an der Kleij, L.A., De Vis, J.B., Restivo, M.C., Turtzo, L.C., Hendrikse, J., Latour, L.L.,
2020. Subarachnoid hemorrhage and cerebral perfusion are associated with brain
volume decrease in a cohort of predominantly mild traumatic brain injury patients.
J. Neurotrauma 37 (4), 600–607. doi: 10.1089/neu.2019.6514 . 
áš a, F., Seidlitz, J., Romero-Garcia, R., Whitaker, K.J., Rosenthal, G., Vertes, P.E., …
Bullmore, E.T., 2017. Adolescent tuning of association cortex in human structural
brain networks. Cereb. Cortex 1–14. doi: 10.1093/cercor/bhx249 . 
annan, C.M.J., Cropley, V.L., Chakravarty, M.M., Bousman, C., Ganella, E.P.,
Bruggemann, J.M., … Zalesky, A., 2019. Evidence for network-based corti-
cal thickness reductions in schizophrenia. Am. J. Psychiatry 176 (7), 552–563.
doi: 10.1176/appi.ajp.2019.18040380 . 
atson. (2016). brainGraph: graph theory analysis of brain MRI data. (Version 2.7.0).
Retrieved from https://CRAN.R-project.org/package = brainGraph 
echsler, D. , 2003. Wechsler Intelligence Scale For Children, 4th Ed. The Psychological
Corporation, San Antonio, TX . 
ei, Y.B., Scholtens, L.H., Turk, E., van den Heuvel, M.P., 2019. Multiscale examination
of cytoarchitectonic similarity and human brain connectivity. Netw. Neurosci. 3 (1),
124–137. doi: 10.1162/netn_a_00057 . 
hitaker, K.J., Vertes, P.E., Romero-Garcia, R., Vasa, F., Moutoussis, M., Prabhu, G., …
Bullmore, E.T., 2016. Adolescence is associated with genomically patterned consoli-
dation of the hubs of the human brain connectome. Proc. Natl. Acad. Sci. U.S.A. 113
(32), 9105–9110. doi: 10.1073/pnas.1601745113 . 
ilde, E.A., Hunter, J.V., Bigler, E.D., 2012a. Pediatric traumatic brain injury: neu-
roimaging and neurorehabilitation outcome. Neurorehabilitation 31 (3), 245–260.
doi: 10.3233/Nre-2012-0794 . 
ilde, E.A., Hunter, J.V., Newsome, M.R., Scheibel, R.S., Bigler, E.D., Johnson, J.L., …
Levin, H.S., 2005. Frontal and temporal morphometric findings on MRI in children
after moderate to severe traumatic brain injury. J. Neurotrauma 22 (3), 333–344.
doi: 10.1089/neu.2005.22.333 . 
ilde, E.A., Merkley, T.L., Bigler, E.D., Max, J.E., Schmidt, A.T., Ayoub, K.W., …
Levin, H.S., 2012b. Longitudinal changes in cortical thickness in children after trau-
matic brain injury and their relation to behavioral regulation and emotional control.
Int. J. Dev. Neurosci. 30 (3), 267–276. doi: 10.1016/j.ijdevneu.2012.01.003 . 
orld Health Organization. (2006). Neurological disorders: public health challenges. Re-
trieved from https://www.who.int/mental_health/neurology/neurodiso/en/ 
u, Y., McArthur, D.L., Alger, J.R., Etchepare, M., Hovda, D.A., Glenn, T.C., … Vespa, P.M.,
2010. Early nonischemic oxidative metabolic dysfunction leads to chronic brain at-
rophy in traumatic brain injury. J. Cereb. Blood Flow Metab. 30 (4), 883–894.
doi: 10.1038/jcbfm.2009.263 . 
ee, Y., Fernandes, D.J., French, L., Ellegood, J., Cahill, L.S., Vousden, D.A., ... Lerch,
J.P. (2017). Structural covariance of brain region volumes is associated with both
structural connectivity and transcriptomic similarity. bioRxiv. doi:10.1101/183004 
uan, W., Treble-Barna, A., Sohlberg, M.M., Harn, B., Wade, S.L., 2016. Changes in struc-
tural connectivity following a cognitive intervention in children with traumatic brain
injury: a pilot study. Neurorehabil. Neural Repair doi: 10.1177/1545968316675430 . 
uan, W., Wade, S.L., Babcock, L., 2015. Structural connectivity abnormality in children
with acute mild traumatic brain injury using graph theoretical analysis. Hum. Brain
Mapp. 36 (2), 779–792. doi: 10.1002/hbm.22664 . 
